Previous studies have examined the built environment mostly focusing on a single exposure construct (e.g. walkability) to examine its association with health outcomes. This study developed a multicomponent Heart Healthy Hoods Index to characterize heart-healthy urban environments and examined its relationship with the prevalence of cardiovascular disease (CVD) in Madrid, Spain. Using spatial methods, we generated two index models (model 0 unweighted and model 1 weighted) using the percentage of deaths for the main behavioral risk factors for CVD (diet, physical activity, alcohol, and tobacco environments). We performed global (Ordinal Least Square) and local (Geographically Weighed Regression) regression analyses to assess the relationship between both index models and CVD prevalence, and to identify the best index model. In the global analysis, both models showed a significant negative relationship with CVD prevalence. In the local analysis, Model 1 removed the spatial autocorrelation of residuals and showed the lowest values for the Akaike information criterion. This study provides evidence of a non-stationary relationship between the heart-healthy urban environment and CVD prevalence. The HHH index may be an effective tool to identify and prioritize geographical areas for CVD prevention.
Introduction
Previous studies have generally characterized the built environment narrowly (i.e., a single construct of exposure) examining its association with behavioral risk factors and health outcomes (Lee et al., 2015; Lytle and Sokol, 2017; McCormack and Shiell, 2011; Popova et al., 2009) . For instance, a recent systematic review described how the food environment impacts health-related outcomes, particularly obesity risk (Lytle and Sokol, 2017) . Other studies have explored the associations between availability and accessibility of alcohol or tobacco outlets with drinking and tobacco behaviors, respectively (Lee et al., 2015; Popova et al., 2009) . Moreover, another systematic review summarized the evidence from studies linking aspects of the built environment (i.e., street connectivity, land use mix, residential density, sidewalks or walkability index, among others) with behaviors related to physical activity (McCormack and Shiell, 2011) . Therefore, the heterogeneity of these studies highlights the challenges inherent to measuring the built environment (Glass and McAtee, 2006) .
Although the evidence on integrated measures of the built environment is increasing, this evidence mostly focuses on physical activity or food environments measures, and their relationship with overweight or obesity (DeWeese et al., 2018; Hobbs et al., 2018; Nau et al., 2015) . However, recent studies have found spatial associations between built environment domains, socioeconomic status or deprivation, and health behaviors (D'Angelo et al., 2015; Schneider and Gruber, 2013; Shortt et al., 2015) . These studies call attention to a new research area combining multidimensional measures of the health-related built environment. For example, a study in Germany found that tobacco, alcohol and fast food outlets were more likely to be clustered in low-income neighborhoods (Schneider and Gruber, 2013) . This study concluded that obesogenic and addictive environments may have a contextual influence on an individual's lifestyle and contribute to health risks. Similarly, a study in Glasgow, Scotland, showed that besides clusters of alcohol, tobacco, and fast food, gambling outlets were also found in the most deprived neighborhoods (Macdonald et al., 2018) .
To address these challenges, the current work focuses on the intertwined nature of the multidimensional features of the health-related built environment. These environmental features do not act in isolation, but rather are the result of social forces affecting neighborhoods (Guthman, 2013) . Although most research focuses on a single exposure construct, some authors have used a multidimensional approach. Examples of studies considering multiple factors found a significant association between these integrated measures and health-related, but not between a component of the measure and health outcomes (KellySchwartz et al., 2004; Meyer et al., 2015; Wall et al., 2012) . For instance, Hobbs et al. (2018) have assessed the obesogenic environment and documented interactions between the food and the physical environments (Hobbs et al., 2018) . Saelens et al. (2012) found a significant association of physical activity and food environments combined only with obesity, suggesting that neighborhood characteristics may work together to build obesogenic environments (Saelens et al., 2012) . Thus, it is imperative to integrate the different domains that constitute the urban (D'Angelo et al., 2015; Green et al., 2018; Guthman, 2013; Meyer et al., 2015) .
In this context, the Heart Healthy Hoods (HHH) project (https:// hhhproject.eu/) has examined how the urban environment relates to residents' cardiovascular health in Madrid (Spain) Franco et al., 2015) . Specifically, the HHH project has examined the food , the physical activity (Gullón et al., 2017 ) the alcohol (Sureda et al., 2017) (ref) , and the tobacco environment (Valiente et al., 2018) separately. Thus, the aim of this study is twofold: first, to develop the HHH index, a multi-component index integrating the characteristics of heart-healthy urban environments (food, physical activity, tobacco, and alcohol) for small areas using Geographic Information Systems (GIS); and second, to examine the association of the HHH index with the prevalence of cardiovascular diseases (CVD) at the area-level.
Methods

Study area
Madrid municipality is the capital city of Spain, located in the central area of the country with a population of 3165,235 inhabitants (INE, 2017) . The city of Madrid is administratively divided into 21 districts further divided into 128 neighborhoods and 2415 census sections in 2014. The census section is the smallest administrative area for which population count data are available in Spain. An average census section comprises 1311 residents (ranging from 583 to 3865 residents) and a surface of 0.2 km 2 (ranging from 0.007 to 94.7 km 2 ). For analytical purposes, the unit of analysis was at the census section area-level.
Heart-healthy urban environmental data
The methodology used in this work is based on a previous pilot study . Briefly, for the pilot study, we developed a synthetic index to characterize the obesogenic environment integrating measures of food and physical activity environments using twelve census sections of Madrid. For the current study, our aim was to characterize the cardiovascular environment for the city of Madrid, and thus, to consider of four environments shown to affect CVD risk (food, physical activity, alcohol, and tobacco). The geocoding of the spatial data and the whole development process of the index was developed using ArcGIS 10.1 software (ESRI, Redlands, California).
This section describes the indicators and secondary data sources used to create our index. All the data, except the walkability measure (collected at the census section level), were obtained in point format. Below we describe our indicators and data related to our framework for four domains of heart-healthy urban environments: food, physical activity, alcohol, and tobacco .
Food environment data
To characterize the retail food environment, we obtained a citywide retail spaces census from the Department of Statistics of Madrid City Council (Censo de Locales y Actividades). This database is publicly available and curated by the local government for licensing purposes including data on economic activities of all occupied commercial spaces. It includes outlet name, a classification of the outlet type, and locational information (latitude and longitude, along with the business address). This database is updated annually and includes for every commercial space, its registered economic activity based on the National Classification of Economic Activities 2009 coding system. This coding system, similar to the North American Industry Classification System, is the standard used to classify business establishments by Spanish statistical agencies.
Using these data, and consistent with previous research Lake et al., 2010) , we classified food stores into: 1) supermarkets (including discounters); 2) small grocery stores; 3) convenience stores; and 4) specialized stores (including fruit and vegetable stores, fishmongers, butchers, and bakeries). Each of these store types were weighted according to their healthy food availability. For instance, fruits and vegetables stores (and other specialized stores such as fishmongers) were considered the healthiest stores because they carry healthy products and lack processed and ultra-processed food Díez et al., 2016) . Small grocery and convenience stores were considered the least healthy store types. We geocoded a total of 7771 food outlets and weighted each type according to their availability of healthy food. We used this weighting for the Kernel Density Estimation (KDE) of the food environment when developing the HHH index.
Physical activity environment data
We used a composite walkability index developed by the research team for the city of Madrid. Further details of how this index was developed have been published elsewhere (Gullón et al., 2017) . Briefly, this index includes residential density (occupied dwellings/ km2), population density (residents/ km2), retail destinations (retail and services destinations/ km2) and street connectivity (Kernel density in 3 m × 3 m pixels of the density of street intersections). All four indicators were equally weighted in the walkability index ranging from -13.2 to 7.61 and higher values indicating more walkable census sections. We used this weighting for the KDE to score the physical activity environment in the HHH index. Data came from different secondary databases, such as the Spanish Census (that includes data on occupied dwellings), the Padron (population density data), the retail spaces census (retail and commercial services where you can go walking) and CARTOCIUDAD (a National Mapping Agency initiative that collects and makes available official geo-referenced urban data, including street structure and administrative boundaries in shapefile format).
Alcohol environment data
We considered alcohol availability to characterize the alcohol environment including all off-premise alcohol outlets. Off-premises where defined as outlets where people purchase alcohol and included 1) supermarkets; 2) small grocery stores; 3) convenience stores; and 4) wine or liquor stores.
Data came from the retail spaces census from the Department of Statistics of Madrid City Council (Censo de Locales y Actividades), described above (see food environment data). We geocoded a total of 4352 off-premise alcohol outlets and we use them to calculate the availability of off-premise alcohol outlets using an unweighted KDE.
Tobacco environment data
We used the availability of tobacco stores as a proxy of tobacco exposure in the urban environment. Information about the addresses of all tobacco stores in the city was provided by the Tobacco Market Commission (TMC) for the year 2014. TMC is a governmental organization tasked with monitoring the activity of tobacco stores and its spatial distribution to ensure the "free competition" of the tobacco market in Spain. We geocoded the 639 tobacco stores included in the database and we used these data to calculate the availability of tobacco stores using an unweighted KDE. Table 1 describes each neighborhood domains used to characterize and assess the neighborhood environment.
Prevalence of cardiovascular disease
We used Electronic Health Records from the Primary Health Care System of Madrid . This database included information on: (1) cardiovascular disease prevalence specified as a person with a diagnosis of myocardial infarction, angina, chronic ischemic heart disease, stroke or peripheral artery disease, (2) CVD risk factors (tobacco use, obesity, hypertension, diabetes mellitus, dyslipidemia) and (3) sociodemographic variables (age, sex) for 1,446,994 adults aged 45-70 residing in Madrid in 2014. For analytical purposes, we only considered data on CVD prevalence for this analysis. We removed all personally identifiable information (address, name, identifiers) and aggregated the results to the census section level. Finally, we calculated the age-standardized prevalence rate (by 1000 inhabitants). This indicator was used as our dependent variable in the regression models.
Neighborhood deprivation
We used an existing deprivation composite index to measure the area-level deprivation and considered as a confounder in the statistical analysis (Cebrecos et al., 2018) . Briefly, this area-based deprivation index is constructed at the census section level using four indicators from 2011 Spanish Census data: 1) manual workers, 2) unemployment, 3) eventual employees and 4) insufficient instruction. These indicators are strongly related to social class (e.g. manual workers), and both material and social deprivation (e.g. unemployment or educational level). The deprivation index scores ranged from 1.93 to 3.36 with increasing values indicating greater deprivation.
For more details on the deprivation index construction please see (Cebrecos et al., 2018) .
Design of index models
The method to build the model of the index is summarized as follows: 1) we used KDE to convert data from each urban environment dimension into a continuous surface for the entire city of Madrid. The KDE were integrated to ArcGIS employing the Silverman's quadratic Kernel function (Silverman, 1986) ; 2) we calculated z-scores to make each surface comparable with the rest; 3) we performed a map algebra analysis with all surfaces generated and standardized, to combine complete measurements; and 4) we developed two different index models: model 0 (unweighted) and model 1 (weighted) weighted for each indicator using mortality data related to the main CVD risk factors. Fig. 1 graphically depicts the approach used to create the HHH index, the multidimensional features included, the indicators selected, the data we acquired, and the map algebra computed.
MODEL 0 (unweighted model)
For this model, all environments (food, physical activity, alcohol, and tobacco) were equally weighted in the final characterization of the heart-healthy environment. We considered that if the urban environment was health-promoting (such as healthy food access or walkability), the sign was positive; and if the environment promoted unhealthy behaviors (tobacco stores and alcohol retailers), the sign was negative.
For constructing KDE, we applied a cell size of 10 m, and a fixed bandwidth of 1042 m. These distances were defined by observing the minimum and maximum distances between the points of sale, the minimum area of the census sections and the size of the study area. The operation adopted for map algebra was a local unweighted average computing the mean of pixels at the same location for all environment surfaces, treating all domains as equally weighted, where k is a subindex for each of the domains (food, alcohol, physical activity, and tobacco); and x and y are sub-indices for the geographical coordinates of each cell.
We wanted to assess the specific influence of each urban environment on the heart-healthy environment. We used the most recent Global Burden of Disease report as theoretical justification (http:// ghdx.healthdata.org/gbd-results-tool)for weighting each domain (food, physical activity, alcohol, and tobacco environments) by the proportion of CVD deaths attributable to the four related behavioral risk factors (unhealthy diet, physical inactivity, alcohol use and smoking). We acquired the 2016 data for Spain for adults aged 40-75 years (IHME, 2016). As shown in Table 2 of the supplemental material, the behavioral risk factor with the greatest impact on CVD was the dietary risk (46.3% of total deaths due to CVD), followed by tobacco (23.5%), alcohol (17.1%) and low levels of physical activity (6.9%). We used these proportions for the specific weight per environmental indicator. The weighted model was calculated as:
In the map algebra analysis, each environmental domain was weighted by the proportion of CVD deaths attributable to each behavioral risk factor (w). For example, the food environment domain was weighted by the proportion of CVD death attributable to dietary risk factors.
Finally, to fully integrate the HHH index into the geographic context of the area, we assigned each census section a single value by means of zonal analysis. This analysis calculated a single output value for each Table 2 Global regression modeling the relationship between both HHH index modelsunweighted (Model 0) and weighted (model 1) -and the age-adjusted CVD prevalence rates in the city of Madrid, Spain. census section averaging all pixels that fall within each area. Thereby, we obtained both index models at the census section level (see Fig. 1 ). For interpretation of the HHH index, higher values show census sections that have better heart-healthy environments We collected contextual information on the study area from the Spanish National Mapping Agency (www.ign.es) and Spanish National Spatial Data Infrastructure (www.idee.es), allowing us to generate a georeferenced database to integrate and map all the urban environment and cardiovascular data.
Spatial and statistical analysis
We examined the spatial autocorrelation (spatial dependency) of the dependent variable (CVD adjusted rate) and of the independent variables (both heart-healthy index models and the area-based deprivation index) by computing the Moran's Index. This analysis allows identifying whether the distribution pattern of each variable is either aggregated (a positive spatial correlation and statistically significant), dispersed (negative spatial correlation and statistically significant) or randomly distributed (without correlation) (Moran, 1948) . The conceptualization of spatial relationship was first order polygon contiguity of edges and corners with row standardization.
We performed an Ordinary Least Squares (OLS) global regression to study the relationship between the HHH index models and the CVD prevalence rate, adjusting for area-level deprivation index (Charreire et al., 2010; Feng et al., 2010) . First, we only considered the HHH index models as explanatory variables (OLS crude or OLS c ); then we computed adjusted models for the socioeconomic deprivation (OLS adjusted or OLS a ).
The OLS model does not consider the underlying spatial dependence (spatial autocorrelation) and spatial heterogeneity (spatial non-stationarity) inherent to the data (Anselin 2002). Thus, to consider spatial non-stationarity in the relationship between the heart-healthy urban environment (calculated by our HHH index models) and the rates of CVD prevalence, we performed a Geographically Weighted Regression (GWR). GWR performs a set of local regressions with coefficients that vary in magnitude and direction according to location (Fotheringham et al., 2002) . In addition, the coefficients can be mapped and visualized to explore the varying spatial relationship between health outcomes and explanatory variables (Gebreab, 2018) .
We performed two GWR models. GWR crude (GWR c ) assess the relationship between both HHH index models and age-adjusted CVD rates; whereas GWR adjusted (GWR a ) was adjusted for the deprivation index. In GWR analyses, we used a kernel with an adaptive Gaussian function to fit the size of bandwidth according to the distribution of the census sections. The kernel bandwidth was determined by minimizing the corrected Akaike's Information Criterion (AICc). The AICc is a relative goodness-of-fit statistics for comparing competing models, where the model with the smallest AICc provides the closest or best approximation to reality (Fotheringham et al., 2002; Gebreab, 2018) . The GWR with the smallest AIC was considered to have a better fit, and a difference in AICc of more than 3 values was considered as a notable difference between two models (Fotheringham et al., 2002) .
Finally, we studied the spatial autocorrelation of residuals using the Moran's Index. It is a useful indicator of problems in regression modeling (Fotheringham et al., 2002) . In general, a random distribution of the residuals indicates a more effective regression model. The conceptualization of spatial relationship was the same that the previous Moran's Index analysis. We used ArcGIS 10.1 software (ESRI, Redlands, California) to perform the spatial association analysis, the GWR and the cartographic results. 
Results of both HHH index models
The cartographic representation of the models calculated is shown in Fig. 2: The left-hand side shows results from model 0 (weighting the heart-healthy environments equally) whereas the right-hand side shows results from model 1, specifically weighting each environmental indicator. Red tones represent areas with healthier environments, whereas blue tones represent unhealthier urban environments for cardiovascular health. We found a strong correlation between models 0 and 1 (r = 0.82; p < 0.01).
The most heart-healthy environments (high values in red tones) were observed, for both models, in the city core. In model 0, these heart-healthy hot spots (in red tones) were found to be smaller and more isolated. Model 0 characterized most of the built environment of Madrid with low values (blue colors). In contrast, model 1 showed larger and more connected heart-healthy areas in the urban core (shown in red) and worse values in the less populated surrounding areas.
Spatial analysis results
The global autocorrelation analysis, calculated by the Moran's Index, showed a positive association (p < 0.01) for both explanatory and dependent variables. These results, shown in Table 3 of the supplemental material, show the existing spatial dependency within the variables. Table 2 shows the results of the OLS global regression analysis. The HHH index weighted (model 1) presented a higher R2 in the regression adjusted by deprivation (OLS a ). OLS a , showed lower AIC c values and a significant negative change for the age-adjusted CVD rate. In OLS a , a one unit increase in the heart-healthy environment decreases the adjusted rate of CVD by 0.002 cases per 1000 inhabitants. However, we found spatial dependency of residual for these analyses. Table 3 shows the results of the GWR. Compared to the OLS global regression models, the GWR models showed smaller AICc values and higher R 2 for all the analyses. The spatial autocorrelation of residuals was eliminated only in index model 1 after adjusting for socioeconomic deprivation (GWR a ). In addition, GWR a in model 1 presented the lowest AICc values. In addition, GWR a showed a non-stationarity relationship between heart healthy environment and the age-adjusted CVD rates, with this relationship varying across space in direction and magnitude (Fig. 3 ). Fig. 3 shows the results of the GWR a analysis for model 1. The figure allows simultaneously studying the adjustment (R 2 ) and the coefficients (β) of model 1. Fig. 3a shows higher R 2 in the southeast of the study area. In the southern area, the greatest R 2 occurs in areas with negative values of the index model (Fig. 3b) . In other words, in the south of Madrid, a healthier cardiovascular environment is associated with a reduction of the adjusted rates of CVD. In some areas of southern Madrid, a one unit increase in the cardiovascular environment is associated with a decline in CVD prevalence of 0.023. However, in other parts of Madrid, the relationship is positive, suggesting higher CVD prevalence in areas with better heart-healthy environments.
Discussion
We developed a multicomponent index that integrates four dimensions related to heart-healthy urban environments: the food, physical activity, tobacco, and alcohol environments; and used two models for this Heart Healthy Hoods (HHH) index: one equally weighting all environmental domains; and one specifically weighting each domain. We used two methods to examine the relationship between the HHH index and the prevalence of CVD, the OLS regression analysis and the GWR. The weighted model for the HHH index shows a better fit in both methods. As expected, the GWR shows a better fit as indicated by the lowest values of AIC, and it reveals a non-stationary relationship between the heart-healthy environment and CVD prevalence. In addition, the weighted model better captured the spatial variation in neighborhood environments, underscoring a remarkable difference between the connected heart-healthy areas in the urban core and the less populated surrounding areas. Specifically, we found areas with inverse relationships showing that improving the cardiovascular environment would contribute to reduced prevalence rates. However, we also identified areas with a positive relationship between HHH index models and CVD prevalence rates.
Several studies have examined the effects of a single built environment measure on health behaviors and health outcomes. Examples are the studies about food environment (Lytle and Sokol, 2017) , alcohol (Popova et al., 2009) , tobacco (Lee et al., 2015) or physical activity (McCormack and Shiell, 2011) . The novelty of our study lies in the use of an integrated approach to combine all those characteristics of the built environment. These characteristics may act synergistically to influence health-related behaviors (Nelson et al., 2006) , which would also influence health outcomes. In addition, our work goes beyond previous studies, as it includes clinical data on cardiovascular health rather than overall mortality or self-reported health (Chalkias et al., 2013; Chen et al., 2010; Clary et al., 2016; Feuillet et al., 2016) .
While we did not find past research on multicomponent indexes integrating measures of the built environment and cardiovascular health, we found works that have integrated measures of the built environment and obesity (Tseng et al., 2014; Wall et al., 2012) . For instance, Tseng et al. (2014) created an obesogenic index (covering 3 constructs: food, activity resources and walkability) to quantify neighborhood obesogenicity and examined its association with body mass index (BMI) in socio-economically disadvantaged neighborhoods in Australia. Consistent with our study, they found a spatial heterogeneity in the relationship between their index and the health outcomes (nonstationary relationship), with generally positive associations for BMI in urban areas and inverse associations in rural areas. Moreover, Wall et al. (2012) integrated neighborhood measures of food, physical activity, street/transportation, and socioeconomic characteristics to examine their associations with adolescent weight status (BMI). Using a spatial latent class analysis, they created composite scores representing closely correlated neighborhood characteristics that potentially relate to obesity (i.e., away-from-home food and recreation accessibility, community disadvantage, green space, retail/transit density, and supermarket accessibility). Despite using a different methodology, Wall et al. (2012) found results similar to ours identifying clusters with Table 3 Local regression modeling the relationship between both HHH index modelsunweighted (Model 0) and weighted (model 1) -and the age-adjusted CVD prevalence rates in the city of Madrid, Spain. complex combinations of both positive and negative environmental influences on health outcomes. Thus, our findings concur with the existing evidence that urban environments may influence CVD risk factors. Previous studies (Borrell et al., 2014; Havard et al., 2008; Shortt et al., 2015) led us to consider that socioeconomic deprivation as an important factor in these analyses. It is possible that environments with healthy cardiovascular resources could mitigate the age-standardized CVD rate but not eliminate it completely (Clary et al., 2016; Reed et al., 2013) . In environments with a diversity of options (healthy and/or unhealthy), socioeconomic or personal influences may buffer the influence of exposure to the environment (Lytle, 2009) . Our findings showed that controlling for the deprivation index may mitigate the effect of the HHH index on CVD risk. Alongside model misspecifications, non-stationarity may therefore also stem from intrinsic differences in the way individuals respond to specific characteristics of their local environment (Fotheringham et al., 2002) .
Several limitations of this study should be noted. For the measurement of urban domains, a very specific set of indicators were selected. Therefore, we may be missing other environmental characteristics that could influence residents' health behaviors (Hillsdon et al., 2006; Jeffery et al., 2006) . For example, we only considered the food and alcohol retailers without considering food services (e.g. fast-foods) or in-premises (bars). This may be underestimating the impact of the urban environment in terms of alcohol and unhealthy food exposure. Furthermore, when GIS measures of the urban environment are derived from secondary database there could be inaccuracies (Liese et al., 2013 (Liese et al., , 2010 . However, we have no reasons to believe that inaccuracies affect one more than another area, and thus, the likelihood of bias may be non-differential throughout the study area.
Another inherent limitation to the use of aggregate data in area units is the Modifiable Areal Unit Problem or MAUP (Openshaw, 1983) . In this study, we used the census section to aggregate environmental measures. However, the measures and associations of the urban environment may differ according to the geographical delimitation used (Barnes et al., 2016 ). An example of these differences is shown by a work developed in Madrid (Cebrecos et al., 2018) , where an index of deprivation varied when calculated for different administrative units as well as its association with CVD. The border effect is a limitation that arises when conducting studies infinite regions (Griffith, 1983) . The urban environment domains considered, CVD prevalence and deprivation, all extend beyond geographical delimitations of Madrid municipality. Yet, we did not consider the vicinity outside the municipality to perform the spatial association analysis because we had no data outside the municipality of Madrid. The entire city of Madrid is part of the regional electronic health record system that is also universal and, therefore, the possibility of undiagnosed CVD is minimal, but not impossible.
Despite these limitations, this study has several strengths. First, the use of composite indexes reduces collinearity and over-adjustment, confers ease of interpretation, and may reduce measurement errors (Feng et al., 2010) . Second, integrating different indicators within an index can detect associations not previously found (Kelly-Schwartz et al., 2004) . To reduce the impact that the built environment has on health behaviors, it is important to understand the mechanisms driving them independently and/or jointly. Thus, these index models and the cartography developed can provide an effective analytical tool to support public health policy decisions in that identifies the geographical areas where interventions should be prioritized, those with the most significant relationship. Lastly and most importantly, we used and Fig. 3 . Results of geographically weighed regression between the heart-healthy environment and age-adjusted CVD prevalence, adjusting for socioeconomic deprivation. 2a) Local regression adjustment (R2). 2b) Local regression coefficients (β) for heart-healthy environment. compared two methodological approaches, OLS global and GWR local regression analyses. Methodologically, the GWR analysis, as a heuristic approach (Wheeler and Paez, 2010) , provides more useful information about the relationships between CVD and the heart-healthy environment than the OLS analysis. Thus, we consider very useful and necessary to complete the results of a global analysis with a local analysis that take into account the spatial dependence and non-stationary nature of the data. The GWR analysis improved the ability to explain local CVD rates. Unlike the OLS global model, GWR findings allowed us to identify locally what type of relationship exists between the heart-healthy environment and CVD and where this relationship is stronger. This modeling approach has the potential for developing future public health programs and interventions accounting for contextual characteristics to reduce and prevent CVD.
To our knowledge, this is the first study examining a wide variety of neighborhood contextual characteristics influencing the cardiovascular health of Madrid's citizens. The study area of the current work is limited to the city of Madrid, but we would like to underscore the international application that this type of index may have. Comprehensive studies of urban health in Europe (Macdonald et al., 2018; Schneider and Gruber, 2013) , the USA (Auchincloss et al., 2008; Brenner et al., 2015; Moore et al., 2008) and Australia (Feng et al., 2018; Koohsari et al., 2016) could implement this methodology proposed to characterize urban environments in relation to cardiovascular health when secondary data are available.
Considering the balance or combination of resources can be theoretically and empirically important to understand the influence of the built environment on health behaviors. Consistent with theories of behavioral economics (Hursh and Roma, 2013; Reed et al., 2013) , human behavior is the result of the distribution and availability of a diverse and synergistic set of resources. However, most investigations examine discrete characteristics of exposure to the environment (Caspi et al., 2012; Malambo et al., 2016) . Specific exposures can be more easily addressed from public health policies but it may be a more accurate reflection considering human behavior within a system of multiple environmental characteristics.
Conclusion
The Heart Healthy Hoods Index is a multicomponent method to characterize, in an exhaustive way, heart-healthy urban environments, using the example of the city of Madrid. In addition, we tested the index models by studying their spatial relationship with CVD prevalence highlighting variations of this association through spatial local analysis. We found that the relationship between CVD and the urban environment was non-stationary but varied along the territory of Madrid both in direction and strength. The index and the cartography associated can provide an effective analytical tool to support public health policy decisions in that identifies the geographical areas where preventive and health promotion interventions for heart diseases might be prioritized. The Heart Healthy Hoods Index, could be a relevant tool to identify urban environments susceptible to cardiovascular preventive interventions.
